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Poses and actions so far: 



Space-time 

No global assumptions  Ý 

Consider local spatio-temporal neighborhoods  

boxing 
hand waving 



Actions == Space-time objects? 



Airplanes 

Motorbikes 

Faces 

Wild Cats 

Leaves 

People 

Bikes 

Local approach: Bag of Visual Words 
 



Space-time local features 



Space-Time Interest Points: Detection 

What neighborhoods to consider? 

Distinctive 

neighborhoods 

High image 

variation in space 

and time 

Ý Ý 

Look at the 

distribution of the 

gradient 

Gaussian derivative of  

Second-moment matrix 

Original image sequence 

Space-time Gaussian with covariance 

Space-time gradient 

Definitions: 



             defines second order approximation for the local 

distribution of         within neighborhood   

Properties of                :  

Large eigenvalues of m can be detected by the 

local maxima of H over (x,y,t): 

 

(similar to Harris operator [Harris and Stephens, 1988]) 

Ý   1D space-time variation of    , e.g. moving bar 

Ý   2D space-time variation of    , e.g. moving ball 

Ý   3D space-time variation of    , e.g. jumping ball 

Space-Time Interest Points: Detection 



Velocity 

changes 

appearance/ 

disappearance 

Space-Time interest points 

split/merge 



Motion event detection 

Space-Time Interest Points: Examples 



Local features for human actions 



boxing 

walking 

hand waving 

Local features for human actions 



Local space-time descriptor: Jet 

Local jet descriptor [Koenderink and van Doorn, 1987]: 

spatio-temporal Gaussian derivatives at interest points p: 
 

Å 

Å 

Å 
Å 

Å 
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¶ 

Histogram of 
oriented spatial 

grad. (HOG)  

Histogram 
of optical 

flow (HOF)  

3x3x2x4bins HOG 
descriptor 

3x3x2x5bins HOF 
descriptor 

Public code available at 
www.irisa.fr/vista/actions 

 

Multi-scale space-time patches 

Local space-time descriptor: HOG/HOF 



Dense trajectory descriptors 
[Wang et al. CVPRô11] 



Visual Vocabulary: K-means clustering 

c1 

c2 

c3 

c4 

Clustering 

Classification 

Á Group similar points in the space of image descriptors using 

K-means clustering 

Á Select significant clusters 



c1 

c2 

c3 

c4 

Clustering 

Classification 

Á Group similar points in the space of image descriptors using 

K-means clustering 

Á Select significant clusters 

Visual Vocabulary: K-means clustering 



Á Finds similar events in pairs of video sequences 

Local feature methods: Matching 



Action Classification: Overview 

Bag of space-time features + multi-channel SVM 

Histogram of visual words 

Multi-channel 

SVM 

Classifier 

Collection of space-time patches 

HOG & HOF 

patch 

descriptors 

Visual vocabulary 

[Laptevô03, Schuldtô04, Nieblesô06, Zhangô07] 



Action recognition in KTH dataset 

Sample frames from the KTH actions sequences, all six classes 
(columns) and scenarios (rows) are presented 



Classification results on KTH dataset 

Confusion matrix for KTH actions 



Four types of detectors: 

ÅHarris3D   [Laptev 2003] 

ÅCuboids    [Dollar et al. 2005] 

ÅHessian   [Willems et al. 2008] 

ÅRegular dense sampling 

Four  types of descriptors: 

ÅHoG/HoF   [Laptev et al. 2008] 

ÅCuboids   [Dollar et al. 2005] 

ÅHoG3D   [Kläser et al. 2008]  

ÅExtended SURF   [Willemsôet al. 2008] 

Evaluation of local feature  

detectors and descriptors 

Three human actions datasets: 

ÅKTH actions [Schuldt et al. 2004] 

ÅUCF Sports  [Rodriguez  et al. 2008] 

ÅHollywood 2 [Marszağek et al. 2009] 



Harris3D Hessian 

Cuboids 

 

 

Dense 

Space-time feature detectors 



Results on  

KTH Actions 

Harris3D Cuboids Hessian Dense 

HOG3D 89.0% 90.0% 84.6% 85.3% 

HOG/HOF 91.8% 88.7% 88.7% 86.1% 

HOG 80.9% 82.3% 77.7% 79.0% 

HOF 92.1% 88.2% 88.6% 88.0% 

Cuboids - 89.1% - - 

E-SURF - - 81.4% - 

Detectors 

D
e

s
c
ri
p

to
rs

  

Å Best results for sparse Harris3D + HOF 

Å Dense features perform relatively poor compared to sparse 

features 

 

6 action classes, 4 scenarios, staged 

(Average accuracy scores) 

[Wang, Ullah, Kläser, Laptev, Schmid, 2009] 



Results on  

UCF Sports 

Detectors 

D
e

s
c
ri
p

to
rs

  

Å Best results for dense + HOG3D 

10 action classes, videos from TV broadcasts 

Harris3D Cuboids Hessian Dense 

HOG3D 79.7% 82.9% 79.0% 85.6% 

HOG/HOF 78.1% 77.7% 79.3% 81.6% 

HOG 71.4% 72.7% 66.0% 77.4% 

HOF 75.4% 76.7% 75.3% 82.6% 

Cuboids - 76.6% - - 

E-SURF - - 77.3% - 

Diving Kicking Walking 

Skateboarding High-Bar-Swinging 

(Average precision scores) 

Golf-Swinging 

[Wang, Ullah, Kläser, Laptev, Schmid, 2009] 



Results on  

Hollywood-2 

Detectors 

D
e

s
c
ri
p

to
rs

  

Å Best results for dense + HOG/HOF 

12 action classes collected from 69 movies 

(Average precision scores) 

GetOutCar AnswerPhone Kiss 

HandShake StandUp DriveCar 

Harris3D Cuboids Hessian Dense 

HOG3D 43.7% 45.7% 41.3% 45.3% 

HOG/HOF 45.2% 46.2% 46.0% 47.4% 

HOG 32.8% 39.4% 36.2% 39.4% 

HOF 43.3% 42.9% 43.0% 45.5% 

Cuboids - 45.0% - - 

E-SURF - - 38.2% - 

[Wang, Ullah, Kläser, Laptev, Schmid, 2009] 



What about 3D? 

Local motion and appearance features are not invariant to view changes 



Multi-view action recognition 

Difficult to apply standard multi-view methods: 

Do not want to search for multi-

view point correspondence --- 

Non-rigid motion, clothing 

changes, é --> Itôs Hard!  

¶ 

Do not want to identify body 

parts. Current methods are  

not reliable enough.  

¶ 

¶ Yet, want to learn actions 

from one view 

and recognize actions in very 

different views 



Temporal self-similarities 

Idea: 

Cross-view matching is hard but cross-time matching (tracking) is 

relatively easy. 

Measure self-(dis)similarities across time: 

¶ 

¶ 

Example: 

P1 

P2 

Distance matrix / self-similarity matrix  (SSM): 



Temporal self-similarities: Multi-views 

Side view 

Intuition:  1. Distance between similar poses is low in any view 

                2. Distance among different poses is likely to be large in most views 

Top view 

Appear 

very 

similar 

despite 

the view 

change! 



Temporal self-similarities: MoCap 

person 1 

person 2 

person 1 

person 2 

Self-similarities 

can be measured 

from  Motion 

Capture (MoCap) 

data 



Temporal self-similarities: Video 

Self-similarities 

can be 

measured 

directly from 

video: 

HOG or  

Optical Flow 

descriptors in 

image frames 



Self-similarity descriptor 

Goal: 

define a quantitative 

measure to compare self-

similarity matrices 

¶ Define a local histogram 

descriptor hi  for each point 

i on the diagonal. 

 

Sequence alignment: 

Dynamic Programming for 

two sequences of 

descriptors {hi}, {hj} 

 

¶ 
Action recognition: 

Å Visual vocabulary for h 

Å BoF representation of {hi} 

Å SVM 

¶ 

~SIFT descriptor 

 computed on SSM 



Multi-view alignment 



Multi-view action recognition: Video 

SSM-based recognition  Alternative view-dependent method (STIP) 



Space-time action detection 

  Manual annotation of drinking actions in movies:  

  ñCoffee and Cigarettesò; ñSea of Loveò 

Keyframe First frame Last frame 

head rectangle 

torso rectangle 

Temporal annotation 

Spatial annotation 

ñDrinkingò: 159 annotated samples 

ñSmokingò: 149 annotated samples 
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